ABSTRACT In recent years, distributed photovoltaic (PV) systems have witnessed rapid development worldwide. Nevertheless, the diffusion of distributed PV systems in a specific region is still indefinite and hard to predict, which bring uncertainties to the planning and operation of electricity distribution network. This paper investigates the diffusion tendency and forecasting approach of distributed PV systems from macro-and micro-aspects. Macroscopic analysis includes spatial clustering of PV systems and quantitative analysis of PV adoption drivers in the time-dimension. Shanghai, Pudong in China is studied in this paper to offer some insights. Analysis reveals that the capacity and location of PV systems are clustered. These clusters continuously spread to the surrounding with changes of size and location, under the impact of internal and external factors. This indicates that diffusion of PV systems can be simulated by a cellular automation model. For microscopic analysis, a data-driven forecasting approach of PV diffusion is proposed based on cellular automation. Analysis shows that the developing state of PV cells can be forecasted based on multisource datasets. Besides, statistical distribution of newly installed PV capacity per cell tends to be stable, so that it can also be considered as a predictor of distributed PV systems diffusion.
I. INTRODUCTION
over the last decade, solar photovoltaic (PV) power has become a commercially available and reliable technology with a significant potential for long-term growth in nearly all world regions [1] . By the end of 2014, the solar power installed in the world is 178GW, with an installed capacity of at least 40 GW in 2014, setting a new record for the solar PV sector [2] . In particular, the cumulative installed capacity of distributed PV systems occupies about 60% of the total capacity at present [1] . In countries such as Germany, U.K., USA, and Japan, distributed PV systems still represent one of the mainstream market segments [3] . In China, the typical price of distributed PV systems falls to 1.5 USD/W in 2013, lower than 2.4 USD/w in Germany, 2.8 USD/W in U.K., and 4.9 USD/W in USA [4] . Falling PV prices and supportive government policies have seen remarkable growth in distributed PV systems in China since 2013.
Distributed PV systems are clean, user-friendly, and landsaving. However, compared with centralized solar power stations, the diffusion of distributed PV systems lacks strategic planning. In general, power source (substation or power generation unit) planning is the base of electricity distribution network design [5] . Many researches have been done on substation planning in distribution network [6] - [8] .
With the increasing penetration of renewable energy resources, optimal planning problems such as renewable generation units' location or allocation have aroused researchers' attention [9] - [11] . Distributed PV systems, however, the installation of which is not preplanned by electricity utilities and is mainly determined by decentralized decision-making of consumers, seem more like some kind of load injecting power to the grid compared with traditional power sources.
An accurate forecast of future electric load and generation and its geographic distribution is one of the main factors that must be taken into account for electric power distribution planning [12] . Considering that in most areas of China, the approval for grid-connection application of PV systems should be completed in 20-40 days by local electricity utilities [13] , it is essential to analyze and forecast the regional diffusion tendency of distributed PV systems, to provide references for the planning and operation of local electricity distribution network.
A. LITERATURE REVIEW
In recent years, several studies have explored the diffusion of PV systems in different contexts. Of all the contexts, spatial clustering analysis of PV systems and the analysis of PV adoption factors have attracted much attention. In [14] , spatial and temporal characteristics of PV adoption in the UK are analyzed. The results reveal that areas with similar PV installed capacity are clustered, indicating a strong dependence on local conditions for PV adoption. Besides, the results also show that clusters of low installed PV capacity coincide with areas of high population density and vice versa. Coincidentally, detailed data on PV installations in Connecticut also indicate considerable clustering of adoptions in the spatial patterns of PV diffusion. However, the clustering in Connecticut does not simply follow the spatial distribution of income or population. In fact, it is found that smaller centers contribute to adoption more than larger urban areas, in a wave-like centrifugal pattern [15] . Both studies used static clusters to characterize PV diffusion, with limited consideration for dynamic expansion of PV systems. Our analysis uses mobile clusters instead of static ones to reconstruct the dynamic process of PV diffusion. At the same time, we are also the first to use moving tracks and increasing coverage of clusters to characterize the diffusion of PV systems, which could provide a basis for the forecasting of PV diffusion.
In [16] , the adoption process of PV systems across 120 villages in Sri Lanka shows that PV system adoption is driven by expectations of whether the government will connect the villages to the electricity grid. This suggests that social interactions may influence the decision to adopt a PV system. Bollinger and Gillingham are the first to demonstrate the effect of previous nearby adoptions on PV system adoption. They use a large dataset of PV system adoptions in California to show that one additional previous installation in a zip code increases the probability of a new adoption in that zip code by 0.78% [17] . Richter uses a similar empirical strategy to find statistically significant neighbor effects in PV system adoption at the postcode district level in the UK [18] . In [15] , by means of empirical estimation, Graziano and Gillingham demonstrate a strong relationship between PV adoption and the number of nearby previously installed systems as well as policy variables. In addition to previous factors, built environment [19] , housing types, population density and the demand for electricity [20] are also important factors affecting the diffusion of PV systems. In these studies, multiple factors have been demonstrated to have effects on PV adoption. However, that how to make full use of those factors to forecast spatio-temporal diffusion of PV systems still needs to be further studied.
Currently, a large portion of predictions associated with PV systems is centered on the forecasting of power output, generated electrical energy, or PV module temperature [21] - [23] . However, these predictions mainly target at PV systems which have already been installed, but overall guidance for future planning and development of PV systems is not obvious. As for the forecasting of distributed PV systems diffusion, state of the art methods can be classified into three major categories: time series forecasting methods, development potential forecasting methods and spatial distribution forecasting methods.
1) Time series forecasting methods use different kinds of curves or time series models, such as learning curves, exponential curves or Bass models etc., to characterize the time series process of regional PV installed capacity development. For instance, Luque presents a model of the increase in sales of PV modules, based on coupling the learning curve and the demand elasticity equations [24] . Similarly, Masini and Frankl use learning curves to simulate the diffusion of PV building-integrated systems in five European countries, building upon a disaggregated characterization of the electricity market [25] . In addition, Guidolin and Mortarino propose an innovation diffusion framework based on well-known Bass models to analyze and forecast national adoption patterns of PV installed capacity [26] . Furthermore, exponential curves, hyperbolic curves, or logistics curves are used to forecast installed capacity of distributed PV systems or represent the learning dynamics of PV diffusion in Japan [27] , [28] . In general, time series forecasting methods can well fit the data of cumulative or newly installed PV capacity in a region. However, the spatial expansion tendency of distributed PV systems is not considered and the spatial distribution of PV systems cannot be forecasted.
2) Development potential forecasting methods estimate the maximum PV installed capacity in a specific region, by quantifying the solar energy on the available area. Many research studies have tried to estimate the solar energy potential related to the total roof surface area as well as the total surface area of the geographic region [29] - [34] . Statistical construction data and digital urban maps are used to calculate the energy capacity of grid-connected PV arrays that could be mounted on building roofs. Among the influential factors considered are building type, orientation, roof tilt angle, location, shading, tracking axes, etc. [30] . For a target region, PV development potential forecasting method is suitable for the analysis of maximum PV installed capacity in the future, and the forecasting results could provide important references for time series forecasting of PV systems. Whereas, the time-varying characteristics of regional PV diffusion is difficult to be quantified through these methods.
3) Spatial distribution forecasting methods forecast the spatial allocation of PV systems based on geographic information system (GIS) information and the spatial distribution characteristics of PV systems. In [35] , an energy system optimization model is proposed to represent the spatial diffusion of solar PV, wind, nuclear and other energy resources worldwide. This model is primarily applicable to the global distribution forecasting of PV systems from a macroscopic perspective. For a particular region, a practical approach of PV distribution forecasting is to divide the forecasting process into three stages, including expert estimation, S-curve prediction, and GIS display [12] . Nevertheless, the first stage depends strongly on the experience and judgment of experts. Based on a partial differential equation that describes the diffusion ratio of PV systems in a given region over time, finite element method is used by Karakaya to forecast the diffusion of solar PV systems in time and space [36] . However, some time-varying parameters in the method are difficult to determine. Besides, the influence of neighborhood factors, roof areas and load factors are not fully considered. In general case, consumers adopt PV systems only when one of their neighbors has already adopted. Cantono and Silverberg are the first to introduce this kind of consumer characteristics into the time-series forecasting of PV diffusion [37] . Furtherly, an agent-based model is developed by Robinson to simulate spatially-resolved distributed PV diffusion over time in Austin, Texas, considering individual consumer' adoption characteristics and decision-making process [38] . However, the overall distribution of PV installed capacity in statistics and space is not sufficiently considered.
B. MOTIVATION AND CONTRIBUTIONS
Based on in-depth review of the available spatio-temporal analysis and forecasting methods of distributed PV systems in literature, the main contributions of this paper are listed below:
(i) A spatial clustering analysis framework of distributed PV systems is proposed, using mobile clusters instead of static ones to characterize the dynamic process of PV diffusion. On this basis, the relationship between PV adoption and neighborhood factors, roof areas, load factors, socialeconomic factors is analyzed in the time-dimension.
(ii) Based on tendency analysis of PV systems expansion, a data-driven PV diffusion forecasting approach is proposed, which consists of three steps, namely time series prediction of PV installed capacity, developing state prediction of PV cells, and spatial allocation of PV systems.
(iii) In the proposed PV diffusion forecasting approach, a SVM (support vector machine) -based cellular automatic model is constructed to extract PV adoption rules from multisource datasets and forecast the developing state of PV cells. In addition, probability density approximation and entropyweight TOPSIS (technique for order preference by similarity to ideal solution) method are introduced into the allocation process of PV systems. 
C. STRUCTURE OF THE PAPER
The rest of paper is organized as follows: Section II describes the study region and available data. Section III presents tendency analysis results on the spatio-temporal diffusion of distributed PV systems in the study region. Section IV proposes a data-driven forecasting approach for spatio-temporal diffusion of distributed PV systems. Section V presents results and interpretations of the example. Section VI concludes the paper with some remarks for future study. The structure of the paper is shown in Fig. 1 .
II. REGION OF STUDY AND AVAILABLE DATA A. REGION OF STUDY
In this paper, we take Pudong, Shanghai as the object region, to study the diffusion of distributed PV systems. The map of Pudong is shown in II-B. Pudong is located in the east of Shanghai, with an area of 1,210.41 km 2 . The annual total solar radiation and sunshine hours in Pudong are respectively 1,301.83 kWh/(m 2 · year) and 1954 h on average, which make Pudong an area capable of utilizing solar energy. The roof surface area of buildings in Pudong is almost 40 km 2 , and this could provide great convenience for the development of distributed PV systems. Actually, limited by the scarcity of land resources, more than 93% of the total PV installed capacity in Pudong belongs to distributed PV programs.
B. AVAILABLE DATA
For this study, both spatial and temporal data are used. The analysis and forecasting process begins with data collection from different sources. These data contain geographical landscape, land-use type, installed capacity, installed time and location of PV systems, spatial distribution of electricity consumers, electricity load for each consumer, government policies, etc., with a time span of 12 quarters from Q4 2013 to Q3 2016. All these data are organized in a spatio-temporal database so that information related to specific areas can be extracted according to the needs of the methodology. Combining the information of geographical landscape with land-use type, a geographical data layer can be created, which covers land-use situation in the study region, the geographical location and contour of buildings, etc. Based on the geographical data layer, associations between PV installed capacity, geographic distribution of PV systems, and geographical information of the study region can be found, which contribute a lot to the construction of the second data layer, PV-distribution data layer. Combining historical peak load and location of different consumers with the first data layer, a third data layer, namely load-distribution data layer, can be formed.
PV systems are distributed non-uniformly in the study region. By dividing the study region into a group of equalsized subzones according to geographical location, the information of PV distribution can be represented in the form of a grid: each subzone, known as a PV cell, or cell. The study region is divided into 1880 cells, with a spatial resolution of 800m×800m.
III. TENDENCY ANALYSIS ON THE SPATIO-TEMPORAL DIFFUSION OF DISTRIBUTED PV SYSTEMS A. SPATIO-TEMPORAL DIFFUSION OF DISTRIBUTED PV SYSTEMS IN PUDONG
The development of distributed PV systems in Pudong starts from Q4 2013, which is relatively late compared with many other areas in the world. Nevertheless, distributed PV systems have developed quickly since then. From Q4 2013 to Q4 2015, cumulative PV installed capacity has increased from 28 kW to more than 2,400 kW. As shown in Fig. 3 , distributed PV systems have spread from several cells to most areas of Pudong in 2 years, and present spatial agglomeration.
B. SPATIAL CLUSTERING ANALYSIS OF DISTRIBUTED PV SYSTEMS
In order to analyze the trends in spatial agglomeration of distributed PV systems, we have proposed a spatial clustering analysis framework shown in Fig. 4 . First, a data layer for PV systems in the q-th (q = 1, 2, . . . , Q) quarter is constructed. The location and installed capacity of PV cells are included in the data layer.
Second, K-means clustering is applied on the data of PV location and installed capacity. The cluster number is determined by silhouette coefficient [39] . We use mobile clusters instead of static ones to characterize the dynamic process of PV diffusion. The features of PV clusters are described by three indices: cluster center, cluster radius, and gravity center. For a cluster with n c cells, its radius r c and gravity center (x g , y g ) are defined in (1) and (2), respectively.
Here r i is the distance from the i-th cell to the cluster center; C i is cumulative PV installed capacity in the i-th cell; (x i , y i ) represents the location of the i-th cell. Third, analyze principal components of location data (two-dimension) of PV cells in each cluster. We can obtain principal eigenvector a and secondary eigenvector r of each cluster. In this paper, we defined a and r as:
where a is the length of a, and it equals to the projected length of all the PV cells in the cluster on the direction of a; θ is the angle of a; r is the length of r, and it equals to the length of cluster radius r c . We use principal eigenvector a and secondary eigenvector r of each cluster to denote its principal diffusion direction and secondary diffusion direction. The spatial clustering results of distributed PV systems in Pudong, Shanghai are shown in Fig. 5 . In Fig. 5 , several colors are used to distinguish different clusters. With the diffusion of PV systems, the number of clusters has undergone the changes from two to seven and seven to two. Meanwhile, the number of PV cells in each cluster keeps growing. If we compare each cluster to a population and compare PV cells in each cluster to individuals in the population, we will find that in addition to the independent evolution of each population, different populations are also competing for individuals and lands. The populations are struggling to strengthen themselves by annexing or incorporating with others.
For each cluster in Fig. 5 , the circle determined by cluster center and r covers about 64% of the PV cells and 62% of PV installed capacity in each cluster on average. Taking the principal diffusion direction of each cluster into consideration, the ellipse determined by cluster center, a and r averagely covers about 93% of the PV cells and 95% of PV installed capacity in each cluster. Obviously, the diffusion of distributed PV systems is generally within the scope of the ellipses.
In most of the clusters, cluster center and gravity center are closely located. Cluster center denotes the spatial center of PV systems in terms of quantity, and gravity center denotes the spatial center of PV systems in terms of installed capacity. The moving direction of cluster centers and variation tendency of principal eigenvectors are shown in Fig. 6 .
As shown in Fig. 6 , cluster centers are distributed in different areas of Pudong at the beginning. With the diffusion of PV systems, the decentralized cluster centers gradually converge to two locations, namely A and B. These two locations are two VOLUME 5, 2017 key points of PV diffusion in Pudong. Meanwhile, principal eigenvectors of different clusters also converge to two main angles, θ = 64.72 • and θ = 141.93 • , with increasing length of principal eigenvectors. These two angles may be the main PV diffusion directions in the future.
C. TIME-DIMENSION ANALYSIS ON INFLUENTIAL FACTORS OF DISTRIBUTED PV SYSTEMS ADOPTION
The influential factors of PV adoption are various, including government policies, geographical landscape, load density, and consumers' purchase intention, etc. For a specific cell in the study region, we divide all the influential factors into 2 categories: the first category is external influential factor, including neighborhood factor and government policies, etc.; the second category is internal influential factor, such as available roof areas and power supply type in a cell. 
1) EXTERNAL INFLUENTIAL FACTORS
The map of Pudong after cell division is shown in Fig. 7 (a) . The region is divided into 1880 cells, with a spatial resolution of 800m×800m.
For the convenience of further explanation, we give four terminologies here. TABLE 1, we can find that higher influence ratio corresponds to a larger number of developed neighbors. To a certain extent, this result suggests that the influence ratio of neighbors is positively correlated with the quantity of developed neighbors.
In addition to neighborhood factor, government subsidy policies also have an effect on the diffusion of PV systems in Pudong. In May 2014, Shanghai municipal government proposed a long-term PV subsidy policy. This policy targets at the electricity generated by PV systems, and the subsidy standard is 0.048 $/kWh. As shown in Fig. 7 (b) , due to the implementation of subsidy policy and reduction of PV generation costs, cumulative PV installed capacity has grown faster since then.
2) INTERNAL INFLUENTIAL FACTORS
Available roof surface area and power supply type are two main internal influential factors of PV adoption in Pudong. As the contour of buildings in Pudong is available in the geographical data layer, we can obtain the roof surface area of each building by means of ArcGIS. In addition, based on the information of land-use type, we can get the building type and available rate of roof surface area for each building, referring to TABLE 2. Combining roof surface area of each building with different available rates, the available roof surface area of each cell in Pudong can be estimated, as shown in Fig. 7 (c) . Based on the data of PV diffusion in Fig. 3 and the spatial distribution of available roof surface area in Fig. 7 (c) , we can obtain the proportion of cells equipped with PV systems at five levels of available roof surface area, as illustrated in Fig. 7 (d) .
As shown in Fig. 7 (d) , cells with larger available roof surface areas share a higher proportion of PV adoption, and this phenomenon is apparent over time. However, the advantage of cells with a larger available roof surface area will not be obvious after available roof surface area reaches a certain extent. This indicates that sufficient available roof surface area is a vital basis for the adoption of PV systems, but the probability of PV adoption only improves within a certain range of increase of available roof surface area.
In Pudong, the power supply type of an area is classified into three categories: A+, A, and B. Compared with cells in Aarea, cells in A+ area have a higher load density, population density, GDP density, and power supply reliability, and this holds also between cells in A area and B area. The power supply type in cells of Pudong is shown in Fig. 7 (e). For three types of power supply area, the density of PV installed capacity is illustrated in Fig. 7 (f) . Obviously, cells in A+ area and A area have a higher density of PV installed capacity, compared with cells in B area, which indicates that cells in A+ area and A area may have a higher probability of PV adoption in the future.
IV. A DATA-DRIVEN FORECASTING APPROACH FOR SPATIO-TEMPORAL DIFFUSION OF DISTRIBUTED PV SYSTEMS
Based on the results of spatial clustering analysis and influential factor analysis, we have proposed a data-driven forecasting approach for spatio-temporal diffusion of distributed PV systems. As illustrated in Fig. 8 , the newly installed PV capacity is forecasted and allocated in a topdown way. The forecasting approach consists of three steps: time series prediction of PV installed capacity, developing state estimation of PV cells, and spatial allocation of PV systems. 
A. TIME SERIES PREDICTION OF PV INSTALLED CAPACITY
The diffusion process of new technological products in a region is actually similar to the contagion process of an epidemic disease, and exhibits S-shaped growth [28] . In the first few periods, this diffusion may be relatively low, increasing moderately over time. In the following periods, diffusion can increase quickly followed in subsequent periods by very slow diffusion. This type of behavior can be modelled by means of a growth curve, also known as an S-curve due to its particular shape. As it has happened with most technological products in the past, we can expect similar behavior in the regional diffusion of distributed PV systems [12] .
In general cases, the growth of regional PV installed capacity can be represented in a logistic function [41] . These functions are typically S-shaped, that is their growth does not stop, but slows down at higher levels; the S-curve can be modelled by the logistic growth function.
Here Y g (t) is capacity ( in kW installed in this case); Y gM is maximum capacity (kW installed); time t is measured in quarters; r g is the quarterly growth rate. The second term, in brackets, on the right hand side, effectively limits growth from becoming exponential. As the installed capacity approaches its maximum, Y g (t)/Y gM approaches 1, the right hand side approaches zero and there is no further change in capacity.
This differential equation can be solved, obtaining:
Where Y g0 is the initial installed capacity. An extension of (6) is the four parameter logistic equation [42] , [43] that increases the flexibility for fitting the data over the entire curve by adding parameters [44] . This is expressed as below:
Here p is the slope factor that decides the steepness of the curve; t c is the time at which Y g (t) approaches (1/2) * Y gM . For a specific region, the parameter Y gM could be estimated by PV potential forecasting methods, as mentioned in the section of literature review; p and t c could be determined by least square method. Thus, the newly installed PV capacity in the study region could be forecasted for the next couple of quarters.
B. DEVELOPING STATE PREDICTION OF PV CELLS
The main purpose of cellular developing state prediction is to delimit a collection of cells with higher probability of PV adoption in the next quarter. As described in section III.B, in the process of spatial clustering analysis, the ellipse determined by cluster center, principal eigenvector and secondary eigenvector of each cluster averagely covers about 93% of the PV cells and 95% of PV installed capacity in each cluster. The area covered by ellipses is continuously expanding, and the diffusion of distributed PV systems is generally within the scope of the ellipses. Therefore, we define the area covered by ellipses in the current quarter as the potential area so as to narrow the screening scope of cells. For cells in the potential area, they have a higher probability of PV adoption in the next quarter compared with cells beyond the scope of potential area.
Suppose that each cell in the potential area has two states in the next quarter: developed state and undeveloped state. A cell with newly equipped PV systems is in the developed state and it is named as a developed cell. On the contrary, a cell without newly equipped PV systems is in the undeveloped state and it is named as an undeveloped cell. As developing state of PV cells is closely related to external and internal influential factors, we build a training dataset based on these factors of PV adoption:
Where T is training dataset; Q is the number of quarters for historical data; C q is the collection of cells covered by ellipses in the q-th quarter; c i represents the i-th cell belonging to C q ; Based on the training dataset T , a cellular automatic model was constructed for the developing state prediction of PV cells. In this model, the developing state prediction of PV cells is transformed into a classification problem based on SVM, where the input is X i (q) and output isY i (q + 1). The input and output variables of the cellular automatic model are all discrete, which is helpful to reduce the sample space and improve the accuracy of classification. Thus, we can obtain the future developing state of PV cells in the potential area, and the forecasted newly installed PV capacity in next quarter will be allocated to all the developed PV cells.
C. SPATIAL ALLOCATION OF PV SYSTEMS 1) NEWLY INSTALLED PV CAPACITY DIVISION BASED ON PROBABILITY DENSITY APPROXIMATION
Based on the historical data of quarterly PV installed capacity in each cell, we can obtain its statistical distribution by means of probability density estimation. The results are illustrated in Fig. 9 . As shown in Fig. 9 (a) , the probability density of newly installed PV capacity per cell in consecutive quarters is relatively stable. As for the probability density of newly installed PV capacity per cell in one single quarter, it gradually approaches a certain distribution from Q1 2015 to Q4 2015, as shown in Fig. 9 (b) . There is a strong possibility that the newly installed PV capacity per cell will still follow the same distribution as that from Q4 2013 to Q4 2015. Thus we can allocate the newly installed PV capacity to all the developed PV cells by means of probability density approximation.
Suppose that the probability density curve of newly installed PV capacity per cell from Q4 2013 to Q4 2015 can be represented by a probability density function, f d,old (p), where p is the newly installed PV capacity per cell. Then we can define stationary points and boundary points of f d,old (p) as the reference points of probability density approximation:
Where R p is the set of reference points; p min and p max are the minimum and maximum newly installed PV capacity per cell, respectively. On this basis, in order to allocate the newly installed PV capacity ( PkW ) to n developed cells, we could solve the VOLUME 5, 2017 FIGURE 9. Probability density of newly installed PV capacity per cell.
following optimization problem:
Where p new,j is the newly installed PV capacity in the j-th developed cell; f d,new (p) is the probability density function of p new,j ; m is the number of reference points; a i is the weight of the i-th reference point, and it is determined by the absolute value of f d,old (p) at local maximum point nearest to (
In this paper, the probability density of newly installed PV capacity is obtained from the function of ''ksdensity'' in MATLAB. The above optimization problem is solved by PSO (particle swarm optimization) method. In this way, the total PV installed capacity is divided into n parts, considering the probability density of newly installed PV capacity per cell.
2) SPATIAL ALLOCATION OF PV INSTALLED CAPACITY BASED ON ENTROPY-WEIGHT TOPSIS METHOD
We select six indicators from external and internal influential factors of PV adoption, to evaluate PV growth rate in each developed cell. The selected six indicators are all positively related to PV adoption, including PV installed capacity in the developed cell and neighbors (I 1 & I 2 ), newly installed PV capacity in the developed cell and neighbors (I 3 & I 4 ), available roof surface area and electricity load density in the developed cell (I 5 & I 6 ). For the evaluation process, we need two steps: firstly, determine the weight of different indicators; secondly, estimate the close degree between each developed cell and ideal cells.
For the first step, we use entropy-weight method [45] to determine the weight of different indicators:
Where I = (I ij ) n×s is the data matrix of indicators, I ij is the data of the j-th indicator in the i-th developed cell, i = 1,2,. . . , n, j = 1,2,. . . ,s; R = (r ij ) n×s is the standardized matrix of I ; k is the Boltzmann constant; f ij is the proportion of the j-th indicator in all the indicators of the i-th developed cell; H j is the entropy of the j-th indicator, and suppose that f ij ·lnf ij = 0 when f ij = 0; w j is the weight of the j-th indicator.
In the second step, TOPSIS method [46] is applied to estimate the close degree of each developed cell to the cell with ideal indicators. Based on the weight of different indicators, we can obtain the weighted data matrix of indicators.
The selected six indicators are positively related to PV adoption in each cell, so we can define the positive ideal indicators and negative ideal indicators as (16) and (17), respectively:
The cell with positive ideal indicators tends to have maximum newly installed PV capacity, while the cell with negative ideal indicators is just the opposite. The cells with ideal indicators are named as ideal cells in this paper. By calculating the distance from the indicators of each developed cell to the ideal indicators, we can obtain the close degree between each developed cell and ideal cells.
Where D Then, the divided PV installed capacities are allocated to the developed cells according to their close degrees: a developed cell with higher close degree is allocated with a larger installed capacity. Thus, we can obtain the spatial distribution of PV systems in the coming quarter.
V. RESULTS AND DISCUSSIONS
In order to prove the effectiveness of the proposed forecasting approach, we use multi-source data from Q4 2013 to Q4 2015, to forecast the diffusion of PV systems in Pudong from Q1 2016 to Q3 2016. The results are verified by historical data of distributed PV systems in 2016.
A. EVALUATION INDICES
APE calculates the absolute percentage error between actual and forecast values. Therefore, measuring the forecast accuracy of PV installed capacity at some quarter with percentage values, one gets:
where Y g,act and Y g,for are actual and forecast values of total PV installed capacity in the study region, respectively. We use two indices, including SCR (spatial coverage ratio) and DCN (deviation of cell number), to evaluate the results of cellular state prediction.
Where n act and n for are actual and forecasted number of developed cells, respectively; l i,for is the coverage index.
If the predicted state of the i-th actual developed cell is true, then l i,for = 1; else, l i,for = 0. Obviously, a higherSCR and a lower DCN are preferred. In addition, mean absolute percentage error of PV installed capacity for all the developed cells, namely MAPE cells , is applied to evaluate the allocation of PV installed capacity.
Where P i,act and P i,for are actual and forecasted values of newly installed PV capacity in the i-th actual developed cell, respectively.
B. FORECASTING RESULTS AND DISCUSSION
First, we used logistic curve to fit the growth of cumulative PV installed capacity in Pudong, and the logistic function can be expressed as:
In (24), the maximum cumulative installed capacity in Pudong, namely Y gM , is set to 215,000 kW, which is estimated by Pudong Municipal Power Company based on the (24) should be updated with the accumulation of historical data.
In the second step, the developing state of PV cells was predicted. Based on the results of spatial clustering analysis in Q4 2015, we can obtain the cells covered by the ellipses.
All these cells constitute the potential area of PV diffusion in Q1 2016, as shown in Fig. 11 (a) . For cells in the potential area, they have a higher probability of PV adoption. Considering multiple influential factors of PV adoption, a cellular automatic model based on SVM was constructed to forecast the developing state of PV cells in the potential area. Thus, we can obtain the developing state of PV cells in Q1 2016. The developing state of PV cells in Q2 2016 and Q3 2016 can also be obtained in the same way. The predicted and actual developed cells are illustrated in Fig. 11 . As we can see from the figure, most of the actual developed cells are located in the potential area. Besides, for a large proportion of actual developed cells, they are covered by predicted developed cells.
As listed in TABLE 4, the index of SCR (spatial coverage ratio) ranges from 75.61% to 90.36%, which means that the proposed cellular automatic model can recognize about 80% of the developed cells on average. The evaluation index of DCN (deviation of cell number) ranges from 13.41% to 18.07%, indicating that the developed cells can be recognized with few redundant cells.
In the third step, the newly installed PV capacity in Pudong was allocated to the forecasted developed cells. As shown in Fig. 12 (a) , the probability density curve of newly installed PV capacity per cell from Q4 2013 to Q4 2015 was taken as the reference curve. Totally, 15 stationary points and 2 boundary points in the reference curve were taken as the reference points of probability density approximation. Thus, we can divide the newly installed PV capacity into n parts (n is the number of forecasted developed cells in each quarter), considering the probability distribution of newly installed capacity per cell. The probability density curves of forecasted newly installed PV capacity per cell in Q1 2016, Q2 2016, and Q3 2016 are shown in Fig. 12 (b) .
Then, we allocated the divided PV installed capacity into n developed cells spatially, based on the close degree between each developed cell and ideal cells. The forecasted results of distributed PV systems diffusion in Pudong from Q1 2016 to Q3 2016 are shown in Fig. 13 PV diffusion is about 22.12% on average. Thus, we can obtain the spatio-temporal diffusion of distributed PV systems in the future, based on the proposed data-driven forecasting approach.
VI. CONCLUSIONS
In this paper, the spatio-temporal tendency of distributed PV systems diffusion in Pudong is analyzed and forecasted. Spatio-temporal tendency analysis includes spatial clustering of PV cells and quantitative analysis of PV adoption drivers in the time-dimension. One contribution of spatio-temporal tendency analysis is that mobile clusters, instead of static ones, are used to characterize the dynamic process of PV diffusion. Based on the results of spatio-temporal tendency analysis, a forecasting approach of PV diffusion with three steps is proposed. The proposed approach forecasts the value of newly installed PV capacity and developing state of PV cells in the study region. Furthermore, newly installed PV capacity is allocated to developed cells, considering the probability distribution of newly installed PV capacity per cell and the influence of multiple factors. In order to prove the effectiveness of the proposed approach, the diffusion of distributed PV systems in Pudong from Q1 2016 to Q3 2016 has been forecasted and the results have been compared with historical values. The forecasted results are evaluated with indices of APE, SCR, DCN, and MAPE cells .
From the results presented in this paper, we can reach the following conclusions.
(i) The capacity and location of distributed PV systems are clustered. The clusters spread to the surrounding continuously with changes in their sizes and locations, under the impact of internal and external influential factors. The adoption of distributed PV systems in a cell is positively related to the number of developed neighbors, available roof surface area, load density, and government subsidy.
(ii) The diffusion of distributed PV systems is generally within the scope of the ellipses determined by cluster center, principal eigenvector and secondary eigenvector of each cluster. The developing state of PV cells in the ellipses can be predicted by a cellular automatic model based on SVM. With the accumulation of sample data, the forecasting accuracy can be further improved.
(iii) With the diffusion of distributed PV systems, the probability density of newly installed PV capacity per cell in Pudong tends to be stable. The stationary points and boundary points in the probability density curve can be used as reference points for the allocation of newly installed PV capacity in the study region.
The combination between spatio-temporal analysis and forecasting of distributed PV systems diffusion is a novel research direction and the results can provide important references for electric utilities, photovoltaic agents, and energy authorities, etc. At present, main steps in the proposed forecasting approach are organized in series, which means the forecasting error in each main step may be transferred to the final results. For this deficiency, the proposed forecasting approach will be constantly improved and refined in future studies. We will try to reduce the number of layers in the forecasting approach and analyze the influence of forecasting error in each layer on the final results. .
